The training and evaluation of the crew resource management skills of pilots play an essential role in increasing flight safety, as they aim to reduce human error in aviation operations. Communication between pilots is a critical crew resource management skill, as flying an airplane requires coordinated action and collaboration by the flight deck crew. However, research that studied flight instructors' agreement in (and, thus, the accuracy of) their evaluation of pilots' communication behavior found little consistency in their judgments. As such, the present research explores the feasibility of a content-free approach-crossrecurrence analysis-to assess crew communication, in contrast to commonly employed content-based approaches that are grounded in speech act analysis. Results indicate that cross-recurrence analysis can identify communication patterns associated with high and low crew performance. We discuss the implications that these results may have for future research and communication assessment in pilot training.
IntroductIon
Crew resource management (CRM; formerly, cockpit resource management) has been a component in the training of commercial pilots since the late 1970s. Research into the causes of aircraft accidents led to the surprising realization that, in most cases, shortcomings in pilots' nontechnical skills (e.g., leadership, crew communication, and coordination) were critical factors, rather than inadequate technical expertise (Cooper, White, & Lauber, 1980; Helmreich, Merritt, & Wilhelm, 1999) . The aviation industry responded by institutionalizing courses in which pilots are trained in principles and practices for managing resources and working as a team to ensure shared and accurate situation awareness and risk assessment as well as sound decision making. Today, CRM is a mandatory component in pilot training and proficiency checks.
One essential CRM skill is team communication insofar as it is a critical team process that affects a variety of team performance aspects (Salas, Cooke, & Rosen, 2008; Salas, Sims, & Burke, 2005) . "Communication is the glue that binds participants together in group interaction or team tasks" (Orasanu, Fischer, & Davison, 1997, p. 2) , ensuring that team members have a common awareness and understanding of the situation, their required tasks, and their individual responsibilities (Serfaty, Entin, & Johnston, 1998) . Communication is also the means by which team members provide performancerelevant feedback and coordinate adaptive responses to changing task conditions (DeChurch & Mesmer-Magnus, 2010; Kozlowski, Gully, Nason, & Smith, 1999; Orasanu, 1990; Orasanu & Fischer, 1992) . The important role that team communication plays in crew performance heightens the need for measures that facilitate its objective and reliable assessment during training.
cockpit communication
Current commercial flight operations typically include a cockpit crew of two pilotsa captain (CPT) and a first officer (FO)-who differ in rank but are jointly responsible for flight safety and who share flying duties by alternating their roles of pilot flying or pilot monitoring after the completion of each flight segment. Flying an aircraft is a highly rule-governed activity. Procedures determine how, when, and in which order tasks must be performed. Likewise, crew communication as part of the routine tasks is standardized and follows rules defined in standard operating procedures (SOPs) or flight operation manuals (Sassen, 2005) . SOPs include callouts that crewmembers are required to make at specific points in time during a flight. For instance, they must announce when a prespecified altitude has been reached. SOPs also refer to checklists that detail crew actions in response to routine or abnormal events. During normal operations, one crewmember-typically, the pilot monitoring-reads aloud the checklist, and the pilot flying acknowledges each item. The sequential structure of checklists not only guides crewmembers through often complex tasks and ensures that they have a shared situation understanding but also supports the pilots in terms of anticipating each other's behavior.
However, not all pilot communication is covered by SOPs. Pilots work in a dynamic task environment, where changing conditions require that they continuously reassess their original plan and respond adaptively to evolving events. The non-SOP talk follows the norms and conventions of everyday discourse. It goes beyond the exchange of routine information and concerns flight safety-related events and pilots' problem-solving efforts (Orasanu & Fischer, 1992) . Characterizations of non-SOP communication have sought to identify markers of effective performance and typically focused on the contents of pilots' contributions, specifically on their function regarding problem-solving efforts and intentions: Do pilots talk about the problem at hand? Do they collect information? Do they state their plans and intentions? Do they acknowledge each other's contribution? Agree or disagree with it? This approach is grounded in speech act theory (Austin, 1962; Searle, 1969) that is, the idea that speakers "do things with words" (Austin, 1962) and that language itself can be seen as an action that is shaping reality (Lacity & Janson, 1994) . For instance, speakers who state a fact intend to influence what others believe; they issue orders in an attempt to direct the behavior of others; or they ask questions to solicit input from them.
Speech Act theory Approaches
Previous research in the aviation domain indicates that effective crew communication addresses critical components of a crew's task and teamwork and promotes shared situation models. Effective crews tend to talk more about the problem that they face and their response to it than do poorly performing crews (Bourgeon, Valot, & Navarro, 2013; Helmreich & Foushee, 2010; Krifka, Martens, & Schwarz, 2004; Mjos, 2001; Mosier & Fischer, 2010; Sexton & Helmreich, 2000) . In particular, successful teams are more likely than unsuccessful teams to state their plans, refer to changes in task assignment, and articulate expectations and beliefs about future situations (Gillan, 2003; Mosier & Fischer, 2010; Orasanu & Fischer, 1992) . Furthermore, Krifka et al. (2004) found that well-performing CPTs are more likely to encourage their FOs to speak up and that the FOs consequently contribute more than FOs in poorly performing crews. Compared to less effective teams, members of effective teams are also more likely to anticipate the information that their teammates need and to provide it to them, rather than waiting for them to request it. Team members' anticipatory behavior was operationalized by Serfaty, Entin, and Johnston (1998) as the ratio of information transfers and information requests. This so-called anticipation ratio provides a measure of communication efficiency (Nonose, Kanno, & Furuta, 2015) , as it was shown to be associated with team effectiveness (Shah & Breazeal, 2010; Sperling, 2006) . Whereas speech act-based approaches of communication analyses have been successful in specifying characteristics of effective crew communication, they are not readily transferable to crew training. Proficiency in communication coding requires extensive training. Moreover, the classification of team members' communication is cognitively taxing and may place excessive workload demands on instructor pilots during a training session, as they need to perform additional tasks, such as operating the simulator, acting as air traffic controller, and evaluating pilots' procedural adherence and decisions.
current Practice in Pilot training
To keep their workload at a manageable level, instructors typically assess pilots' CRM skills by looking for the occurrence of specific behaviors, so-called behavioral markers, associated with specific performance dimensions, such as leadership and communication.
For example, in current practice, instructor pilots evaluate trainees' communication skills by rating the extent (poor to outstanding) to which the crewmembers "announce ambiguities, clearly state plans and intentions, share information, and assure reception" (Brandt, 2010, p. 11) . At first sight, the rating of behavioral markers seems to be a straightforward and objective approach to performance assessment. However, current research suggests otherwise. Recent analyses by Gontar and Hoermann (2015a) found significant disagreement among 37 highly experienced type-rating examiners. They judged pilots' CRM skills under the best of possible rating conditions (i.e., ratings were done from video recordings of flight deck crews, rather than in real time). In particular, raters showed their lowest interrater reliability when they assessed crew communication (intraclass correlations: ICC2 = .12, with a novel and thus unfamiliar rating tool; ICC2 = .22, with a familiar rating tool). Likewise, Gontar, Hoermann, Deischl, and Haslbeck (2014) as well as Yule and colleagues (2009) observed that team communication and teamwork were less reliably assessed compared to other nontechnical skills. These findings suggest that raters may focus on different behavioral aspects or use different approaches (e.g., instance based vs. holistic) to evaluate team members' communication behavior (for further discussion, see Weber, Mavin, Roth, Henriqson, & Dekker, 2014) . Additionally, raters' judgments may be affected by their experience with, and social distance to, the individuals whose performance they assess. For instance, research by Gontar and Hoermann (2015a) and O'Connor, Hoermann, Flin, Lodge, and Goeters (2002) indicate that instructor pilots (who are most often CPTs themselves) tend to be more consistent in rating the performance of FOs than that of their own peer group, presumably because during their day-to-day professional experience, they need to size up the ability of their junior crewmembers. As discussed by Gontar and Hoermann (2015a) and Holt, Hansberger, and Boehm-Davis (2002) , low rater reliability can lead to degrading training standards or to unnecessary additional training sessions. In any case, low interrater reliability results in inappropriate and inconsistent feedback to the trainee.
content-Free Approaches
In contrast to speech act-based approaches, content-free approaches to the analysis of team communication could provide a less timeconsuming and highly reliable alternative-perhaps even one that can be accomplished in real time. Instead of examining what team members talk about, content-free methods focus on such aspects as communication frequency and duration, to capture the degree of influence that one team member has over his or her mates (Cooke & Gorman, 2009 ). The analysis of communication flow (who is talking to whom and for how long) has been used to characterize team coordination and to identify shifts in team members' interaction patterns that are adaptive or poor responses to off-nominal events (Gorman & Cooke, 2011) . For instance, Fischer, McDonnell, and Orasanu (2007) analyzed the communications among four members of search-andrescue crews during simulated missions and noted that team interactions in successful teams were more balanced and inclusive than those in poorly performing teams. Members of successful teams participated equally in the team's discussion, whereas conversations in unsuccessful teams tended to occur in subgroups to the exclusion of others. Cooke and colleagues developed various techniques for automating measurements of communication flow patterns. For example, they employed computational tools, such as sequential analysis (ProNet) and clustering models (CHUMS), to identify communication sequences (i.e., who is talking after whom) and shifts in these sequences that are predictive of effective team performance in a dynamic task environment (Kiekel, Cooke, Foltz, Gorman, & Martin, 2002; Kiekel, Gorman, & Cooke, 2004) . In more recent work, Gorman, Cooke, Amazeen, and Fouse (2012) applied recurrence analysis to characterize the extent to which team members adhere to rigid interactive patterns over time or adopt more flexible coordination patterns supportive of adaptive behavior. Other applications of recurrence analysis sought to isolate thematic patterns in team members' interactions (e.g., Topic A is followed by Topic B and Topic A again before discussing Topic C) rather than structural patterns (e.g., Agent A talks after Agents B and C). For instance, Angus, Smith, and Wiles (2012) adapted recurrence analysis to capture conversational strategies that the CPT of United Flight 232 used to manage the joint problem solving by the flight deck crew and ground support as they were trying to control their aircraft after having lost all hydraulic systems.
In the present study, we analyzed cockpit crew communication (two-person teams) using both content-free recurrence analysis and speech act-based analysis. The goal of this effort was to determine how well each approach can distinguish between poorly performing and outstanding teams and whether a content-free approach would provide a viable alternative to an approach based on the analysis of crewmembers' speech acts. We conclude with suggestions for further research on how to use content-free methods in the training environment.
Method Participants
A total of 120 airline pilots participated in our experiment . All pilots were from the same major European airline and held valid licenses for their aircraft types. Pilots were randomly selected from the airline's roster and scheduled for participation. The decision to recruit pilots from the same airline and to select pilots randomly was driven by an effort to minimize confounding factors such as familiarity and training influences. Participants were compensated by the airline as part of their duty time. There were 60 CPTs and 60 FOs, with an equal number of pilots in each group who were Airbus A340 and Airbus A320 type rated.
Materials and Apparatus
Flight simulator. The experiment took place at the training facility of the participating airline and used two of their full-motion flight simulators (JAR STD 1A, Level D): one configured as an Airbus A320, the other as an A340.
Scenario. The simulation presented the crew members with a leak in the hydraulic system as they approached their destination airport. The hydraulic leak led to an unsafe gear configuration (first failure) and subsequently to jammed slats/flaps (second failure). A340 crews experienced these issues on approach to John F. Kennedy Airport in New York; for A320 crews, these events were embedded in the approach to Nice Côte d'Azur Airport in Nice. The simulation started shortly before the initial approach fix and ended with stopping on the runway. To enhance the scenario's realism, recorded communications between air traffic control and pilots were played during the simulation, and participants had to wait for a break before they could talk to the air traffic controller. For further information on the scenario, see Gontar and Hoermann (2015a) .
Flight information package. The flight information package provided to the crew included the approach plate showing the upcoming approach and all necessary navigational information, detailed data regarding the approach (i.e., current aircraft configuration, position, altitude, speed, zero fuel weight, and fuel on board), as well as weather and visibility data.
Procedure
We tested six pilots (three crews) per day, either in the late afternoon or during the night. Participants received an email providing them with the flight information package and experiment schedule. Before the simulation session, the crew was given time to conduct its approach briefing. The pilot role during the scenariothat is, who is flying the aircraft and who is pilot monitoring-was not fixed a priori, but the decision was left to the crew. After the crew had completed the approach briefing, the simulation began.
The flight simulation lasted on average 28.2 minutes (SD = 5.02). Two flight instructors who recently had retired from the airline were trained to assist with the simulation, with experimental runs evenly divided between them. However, both instructors were present during six runs, for assessment of interrater reliability in terms of their performance ratings. The flight instructor assigned to an experimental run was in the simulator with the crew and had several responsibilities. He operated and monitored the simulator and acted as air traffic controller. Simulator flight data and eye-tracking data on the pilots were recorded during the simulation; however, analyses of these measures are not included in this paper but are reported elsewhere (see Gontar & Mulligan, 2016; Haslbeck & Hoermann, 2016) . Each crewmember and the flight instructor wore individual microphones to record their communications.
After the simulation, pilots were asked to rate their own and their crew partners' nontechnical skills using the rating tool commonly used by the airline. This tool involves 40 items tapping four CRM dimensions: communication, leadership and teamwork, workload management, and situation awareness and decision making (Brandt, 2010) . Ratings are given on a 5-point scale ranging from poor to outstanding. Ratings were provided individually (for results and further discussion, see Gontar & Hoermann, 2015b) . Subsequently, during a joint debriefing session, pilots were asked to review the scenario and explain their decisions. These findings are not reported in this paper but are discussed by Gontar, Porstner, Hoermann, and Bengler (2015) .
Measures
Crew performance. The instructors assisting with the simulation also served as raters of crewmembers' performance. The pilot's performance was assessed by means of the Line Operations Safety Audit's "Approach and Landing Sheet" (Klinect, Murray, Merritt, & Helmreich, 2003) . The tool comprises 13 behavioral markers relating to four dimensions of a crew's performance: planning, plan execution, review and modification, as well as overall performance. Ratings were given on a 4-point scale ranging from poor to outstanding. To derive a global performance grade for each crew, we calculated the mean of the four performance dimensions. The communication of a crew was not directly measured, although some markers (e.g., SOP briefing, workload assignment, and contingency management) were based on the contents of crewmembers' communications. The raters were with the crew in the flight simulator and gave their performance ratings while they observed a crew during the simulation.
Interrater reliability of crew performance judgments. To assess interrater reliability, six crews were assessed by both instructors. We calculated intraclass correlation coefficients for every performance dimension using two-way models (ICC2) and found an average reliability of .39 (based on Fisher z transformation; Fisher, 1925) . Test-retest reliability was found to be .69 on average (Gontar & Hoermann, 2015b) . In light of these findings and previous research showing considerable disagreement between instructors in their ratings of crew behavior, we decided to adopt an extreme-group design. That is, the present analysis includes only data from the top six crews, as well as the data from the six crews with the lowest performance scores (from a total of 60 crews). This design assumes that extreme behaviors can be assessed with sufficient precision (Yule et al., 2009 )-an assumption that has been confirmed at least with respect to the performance of outstanding pilots (Gontar & Hoermann, 2015a) .
Content-based communication coding: Speech acts.
Crewmembers' communications were coded with STACK (a German acronym for Sprechakt-Typeninventar zur Analyse von Cockpit-Kommunikation), a speech act inventory developed by Krifka et al. (2004) to analyze cockpit communication. The inventory includes 50 speech acts that are clustered in seven categories: information sharing (n = 13), request (n = 5), agreement/negotiation (n = 5), dissent (n = 7), question (n = 5), expressive (n = 10), and interaction marker (n = 5). To account for communications in which crewmembers read from checklists and procedures, we added the category procedure related. The communication coding is illustrated in Table 1 . The excerpt provides the communications between the CPT and FO right after they realized that the landing gear was not down and locked.
Communication coding was done directly from video recordings of crewmembers' interactions during a given scenario. Videos were loaded into INTERACT, a video-editing software that allows human raters to segment a video stream into meaningful units and attach codes to them. Communication was presented in stereo via headphones in a way that the CPT's voice was presented on the left channel and the FO's on the right channel (reflecting pilots' seating arrangement in the cockpit) to make it easier for a rater to attribute communication to the CPT or FO in a crew. One of the authors (P. G.) and one assistant who had classified the crews' coordination behavior for a different project (Reichling, 2017) and who thus was very familiar with the scenario coded crewmembers' communications using the STACK system. To establish coding reliability, the raters independently coded communications of four crews. Cohen's kappa (κ) was calculated on raters' codes at the category level. A κ value of .79 was obtained, which is considered excellent agreement (Fleiss, Levin, & Paik, 2003) . In subsequent analyses, we operationalized the speech act density of a crew by calculating the frequency of speech acts divided by the scenario duration.
Content-based communication coding:
Anticipation ratio. The anticipation ratio is a measure of the extent to which crewmembers are sensitive to each other's information needs. Note. Speech act types and categories according to Krifka et al. (2004) . CPT = captain; FO = first officer. a "ECAM" refers to the electronic centralized aircraft monitor, an automated system in an Airbus that monitors aircraft functions and indicates system status and, when necessary, failures and procedures.
We adapted the formula suggested by Serfaty et al. (1998) to include the following STACK coding categories:
Content-free communication measures: Relative speech duration. We analyzed the duration of speech as a function of crew position (CPT or FO). To do so, we measured the total time of crew communication and calculated the percentage of verbal communication for each crewmember.
Content-free communication measures:
Crossrecurrence analysis. We constructed crossrecurrence (CR) plots to represent the direction and distribution of speech. To analyze the relation between two dynamical systems (CPT and FO, in our case), CR plots offer a nonlinear approach that has also been used to quantify pilots' shared gaze behavior (Gontar & Mulligan, 2016) . CR plots are graphs that depict recurring structural or thematic relationships among events or states over time. As our approach aims for a content-free analysis, we were not interested in thematic patterns in crewmembers' communications but in how they coordinate their verbal communications. We thus examined the following relationships between crewmembers' communications: Did FOs consistently speak after CPTs (i.e., in considering the sequential nature of the communications, we assumed that they responded to the CPTs)? Did CPTs take the turn after communications by their FOs? How often did crewmembers speak at the same time (talk over)?
Mathematically, a CR plot of two dynamical systems can be defined as follows (Marwan & Kurths, 2002) :
where N represents the number of temporal samples, t 1 ,t 2 . In our definition, the function x represents the CPT's speech; the function y represents the FO's speech. Both functions are binary and can take a value of 1 (in case the pilot is speaking) or 0 (if he or she is not speaking). As we are interested only in recurrences of speech, we did not regard both pilots' silences as a recurrence. The resulting matrix C has the size of N * N and can be displayed in the form of a plot with the x-and y-axes indicating progression of time, ), constituting the CR plot (see Figure 1 ). As shown in the generic example in Figure 1 , black dots on the diagonal indicate speech of the two pilots at the same time (1), as all dots on the diagonal represent the same point in time in both systems (CPT and FO). The talkover starts at t CPT = t FO = 6 s and lasts until t CPT = t FO = 8 s. Dots above the diagonal (2) represent points where the FO is talking (from t CR plots for crewmembers' communications during the scenario were constructed with a windowing approach (Zbilut, Thomasson, & Webber, 2002) . We partitioned crewmembers' communications during the scenario (average duration, ~28 min) into segments of 10 s and calculated the recurrence plot for each segment. Next the average CR plot was calculated and used to assess the average recurrence rate of different events (e.g., CPT talks after FO; FO talks after CPT) in a crew across the scenario. The decision to use the 10-s window was based on previous research on pilots' coordinated gaze behavior (Gontar & Mulligan, 2016) showing that this is an appropriate length for measuring pilots' interaction. For further details on how CR plots and analyses can be used to assess pilots' behavior, see Gontar and Mulligan (2016) .
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reSultS And dIScuSSIon
All statistical tests assume a significance level of α < .05.
content-Based Analyses of crew communication
As flight times of the scenarios varied by crew, we normalized the frequency of each speech act category by scenario time to yield a measure of speech act density. Data screening (Mauchly's test) revealed that the sphericity assumption was not met for the variable speech act category, χ 2 (14) = 42.67, p < .001. Consequently, Greenhouse-Geisser corrected degrees of freedom were used in the analysis of this variable. We performed a mixed-design analysis of variance on speech act density. Performance level (poorly performing vs. outstanding) was the between-group variable and speech act category, the within-group variable. A significant main effect of speech act category was found, F(2.71, 27.12) = 42.98, p < .001, η p 2 = .81. As can be seen in Figure 2 , crewmembers used speech acts of some categories (agreement, procedure, information) more frequently than others (request, questions, dissent, interaction, emotional). However, poorly performing and outstanding crews did not differ regarding the overall frequency of speech acts. Whereas the effect of performance showed the expected tendency such that poorly performing crews communicated less than outstanding performing crews, it was found to be only marginally significant, F(1, 10) = 4.26, p = .07, η p ² = .30. Similarly, the interaction of performance level and speech act category was found to be marginally significant, F(2.71, 27.12) = 2.73, p = .07, η p ² = .21. Bonferroni-adjusted pairwise comparisons revealed that outstanding and poorly performing crews differed only on the rate of their procedure-related communications, with outstanding crews having a higher speech act density (M = .13, SD = .03) than poorly performing crews (M = .08, SD = .03, p = .008).
Next, we calculated the anticipation ratio for outstanding and poorly performing crews, as described by Serfaty et al. (1998) . An independent t test showed that outstanding crews had a significantly higher anticipation ratio (M = 3.71, SD = .99) than poorly performing crews (M = 2.52, SD = .44), t(10) = 2.45, p = .018 (one-tailed). That is, members of outstanding crews, in contrast to their low-performing colleagues, were more likely to volunteer information than to wait for their teammates to request it. This finding suggests that outstanding crewmembers were more attuned to their teammates' information needs than members of poorly performing crews: a finding consistent with past research (e.g., Butchibabu, SparanoHuiban, Sonenberg, & Shah, 2016) .
content-Free Analyses of crew communication
To conduct the content-free analyses, crewmembers' audio recordings were processed with the software tool Audacity. The software's filter feature allowed us to identify and delete noise from the recordings (e.g., simulator noise or breathing). The remaining recordings were analyzed with a sampling rate of 25 Hz, and binary codes were assigned to indicate segments with a pilot talking (1) or segments without speech (0). CR plots relating crewmembers' segments of speech and silence across time were drawn with the toolbox provided by Marwan, Carmen Romano, Thiel, and Kurths (2007) .
We conducted a 2 (performance level) × 2 (crew position) analysis of variance on communication rate (defined as the percentage of total time a crew spent communicating). Performance level (poorly performing vs. outstanding) was the between-group variable; crew position (CPT vs. FO) was the within-group variable. As can be seen in Figure 3 , there were no significant main effects of crew position, F(1, 20) = 1.38, p = .25, or performance, F(1, 20) = .001, p = .98, nor was there a significant interaction effect of performance level by crew position, F(1, 20) = 10, p = .75. This result indicates that in our sample, performance differences among crews were not related to how much the members of a crew talked with each other.
Next, we examined the direction of crewmembers' communication-that is, who was communicating and whether there was a turn. To tackle this question, we constructed CR plots for each crew using a windowing approach with a bin size of 10 s and a step width of 40 ms (sample rate). Specifically, we analyzed whether, after communications by one pilot, his or her colleague took the turn within 10 s.
By applying this windowing approach to the communications of a crew throughout the flight scenario, we obtained about 45,000 plots for each crew. Plots were subsequently averaged and normalized by the duration of the flight segment. Figure 4 shows the averaged CR plots of sequential patterns calculated for the six poorly performing crews (two left columns) and the six outstanding crews (two right columns). The recurrence rate ranged from 0 (indicated by points in dark blue) to 0.1 (shown in bright yellow). The axes of a plot indicate a point in time (e.g., 2 s, 4 s) within a given 10-s window. For instance, in Plot 2, we can see that whenever the FO talked at Second 2, the CPT was likely to take the turn at Second 6. This results in a time lag of 4 s between CPT and FO (see Figure 4 , bottom). The coloring of the area above the diagonal in a CR plot indicates the recurrence rate of communication sequences in which the CPT initiated a conversation and the FO spoke in the subsequent turn. The recurrence of the converse relationship is depicted in the area below the diagonal. The CR plots as well as the recurrence lag distribution revealed that the communication sequence (i.e., who leads the conversation and who follows) was less fixed (recurrent) in outstanding crews (M = .057, SD = .010) than in poorly performing crews (M = .069, SD = .006), U = 5, p = .037 (two-tailed). This finding is reflected by the different coloring of the CR plots obtained for poorly performing and outstanding crews (see top panel of Figure 4 ). As shown, the plots of poorly performing crews tend to be brighter than those of outstanding crews. Again, as illustrated in the bottom panel of Figure 4 , the mean recurrence rate shown across time tended to be higher for poorly performing crews versus outstanding crews. That is, members of poorly performing crews were more likely than members of outstanding crews to respond to a teammate's communication within the 10-s window.
One possible explanation for this finding is that members of outstanding crews spoke >10 s; thus, our selected window size may have been too short to capture the teammate's response. This explanation is consistent with the finding reported earlier that outstanding crews had significantly more procedure-related communications than poorly performing crews. Communications relating notes in checklists and procedures may take >10 s, thus exceeding our preset analytic window. This fact may have contributed to the low recurrence rate obtained for outstanding crews.
Note also that the diagonals in the CR plots in Figure 4 are drawn in blue, indicating that crewmembers rarely spoke at the same time. The recurrence rate of the outstanding crews at a lag of 0 ± 40 ms (talk at the same time) was lower (M = .032, SD = .008) than that of poorly performing crews (M = .044, SD = .010), U = 5, p = .037 (two-tailed). This finding suggests that members of outstanding crews showed fewer instances at which they talked over a teammate or interrupted him or her, in contrast to members of poorly performing crews. This finding is also consistent with Nevile (2007) who posits that overlapping talk by crewmembers may indicate workflow management problems or rushed performance. Moreover, since the width of the diagonal represents the average time lag between communications by crewmembers, inspection of Figure 4 suggests that turn taking or answering time differed among crews (cf. Crew 2 vs. Crew 11).
In most crews, CPTs and FOs were equally likely to initiate a communication. This finding is reflected in the CR plots of Figure 4 by the fact that areas above and below the diagonal have the same coloring. However, some crews (see Crews 6, 9, and 10) seem to be different in this respect. In the CR plot representing sequential patterns in Crews 9 and 10, the area below the diagonal is brightly colored, indicating that the CPT responded more frequently to the FO than vice versa. The CR plot of Crew 6 shows the reverse pattern (area above the diagonal is brightly colored).
lIMItAtIonS
We need to point out that our content-free analysis of two-member teams provides for limited variance among teams. Teams may differ only with respect to the length of members' utterances and the time lag between utterances. Teams with more than two members would have more sources of variance; for instance, they could vary in terms of the sequence of speakers. For instance, Fischer et al. (2007) studied flow patterns in four-person teams and noted that, in high-performing teams, all members contributed to the discussion, whereas poorly performing teams had one or two members who rarely participated. Furthermore, as we analyzed only the best-and worst-performing crews, we do not know whether our results also apply to crews in the middle of the performance spectrum. We focused on high-and low-performing crews since instructor pilots were more consistent in their ratings of superior and poor crew performance than when they rated mediocre performance. Although the performance ratings did not concern crew communication but instead addressed discrete crew behavior (e.g., reasonable contingency management), instructors had to consider what pilots said in addition to what they did to make their assessments. Aspects of pilots' communications may have thus contributed to instructors' performance ratings. However, since our communication analyses targeted speech acts rather than the presence/absence of specific information, the danger of circularity in our data seems negligible.
concluSIon
The present research was conducted to compare the effectiveness of two approaches to assess crew communication. One method was content based and relied on the analysis of crewmembers' speech acts (i.e., the task-related functions of their communications) to identify differences between high-and low-performing crews. The second approach was content-free and sought to identify recurrent structural patterns in crewmembers' communications associated with different performance levels.
The speech act-based analysis of crew communication adopted the categories of the STACK coding system developed by Krifka et al. (2004) . In contrast to their research, our analysis did not yield significant differences between outstanding and poorly performing crews in the extent to which they used speech acts of different categories; the exception was the procedure-related utterances. That is, the STACK categories did not reliably discriminate between crews of different performance levels. This finding may be the result of our small sample size. It may also reflect situational constraints, as our data collection was confined to off-nominal events. It is possible that during these events, performance differences between crews are less apparent at the level of speech acts but instead may be reflected in the extent to which they address different aspects of the off-nominal event and its management (see, for instance, Bourgeon et al., 2013; Orasanu & Fischer, 1992) . Although our analysis of speech acts was inconclusive, we did observe differences in crewmembers' anticipation ratio. Consistent with past research (Nonose et al., 2015) , we found that members of outstanding crews were more likely than members of poorly performing crews to volunteer relevant information at a time when their teammates needed it but had not yet asked for it. Even though a team's anticipation ratio may be a reliable indicator of the team's performance, it presently is an impractical tool for use during team training. Currently, it cannot be automatized, as the judgments that it requires exceed the capabilities of available technology. Likewise, human raters would not be able to provide the necessary judgments and computations in real time to be useful as performance feedback. However, it is conceivable that future speech recognition software will be sufficiently sophisticated to support this type of analysis and thus would enable the automatic assessment of crew communication during training.
The amount of communication, operationalized in the content-based approach as speech act density and in the content-free approach as communication rate, did not differentiate between outstanding and poorly performing crews. This finding contrasts with past research that observed more verbal communication by high-performing crews as compared with low-performing crews (Krifka et al., 2004) ; however, in other research (e.g., Gillan, 2003; Helmreich & Sexton, 2004; Orasanu & Fischer, 1992) , quantitative differences in crew communication concerned specific categories of crewmembers' problem-solving talk rather than their overall talk.
Content-free analyses of crew communication identified significant differences between outstanding and poorly performing crews. Specifically, we observed that the recurrence rate of sequential patterns (i.e., who is talking when, after whom, and for how long) was lower for outstanding crews than for poorly performing crews. This finding may indicate that outstanding crews were more adaptive than poorly performing crews, in terms of the timing and length of their responses as well as with respect to the initiation of turns. This is consistent with Gorman et al. (2012) who also analyzed team interaction using CR approaches and concluded that flexible interaction patterns are associated with superior performance.
Our analysis revealed that members of poorly performing crews were more likely than members of outstanding crews to talk over each other. Simultaneous talk may reflect a breakdown in a crew's work flow or may be the result of disharmony between crewmembers (Nevile, 2007) . Moreover, research on the impact of interruptions has shown that operators commit more errors (e.g., Bailey & Konstan, 2006) and perceive increased workload (Gontar, Schneider, Schmidt-Moll, Bollin, & Bengler, 2017; Weigl, Antoniadis, Chiapponi, Bruns, & Sevdalis, 2015) when they are interrupted. Measuring simultaneous talk between crewmembers thus seems to be a critical aspect of crew communication.
Although the present content-free CR analysis showed some promising results in distinguishing between crews of different performance levels, additional research should refine this approach to include analyses that consider contextual variables, such as the pilot's role (i.e., pilot flying vs. pilot monitoring) and tasks (e.g., decision making, procedures, manual approach). A more granulated approach of analysis could yield task-specific-and thus more meaningful and trainable-communication patterns associated with superior performance.
The advantages of using a content-free approach to the assessment of crew communication during CRM training are obvious: It is fast, objective, and reliable. CR algorithms are already capable of real-time analysis and thus could be implemented into a tool for use during simulator training (see also Gorman et al., 2012) . Such a tool would provide pilot instructors with quantifiable information about a crew's communication behavior and could inform their feedback to the crew during the debrief. Moreover, the communication rating given by instructors would be more transparent to the trainees. Such a tool would also reduce instructors' workload during a simulation session, enabling them to focus on crew behavior that is more reliably assessed, such as trainees' adherence to and execution of procedures.
Such an objective communication measurement approach might also apply to team training in other high-reliability domains, such as health care, off-shore oil drilling, or nuclear power plants. As in aviation, analyses of incidents and accidents in these domains have revealed breakdowns in teamwork among operators and led to the adoption of CRM-inspired modules into training programs (Flin, O'Connor, & Mearns, 2002) . It is thus likely that trainers face comparable challenges in rating operators' communication skills as were observed for instructor pilots. Although the current research addresses approaches to assessing pilot-crew communication, findings might generalize to these domains as well.
Our ongoing research focuses on joint recurrence analyses that combine communication behavior and joint visual attention data collected during the flight simulation with dual eye tracking. This approach attempts to quantify multimodal meaning making in the cockpit, an idea advanced by Hutchins, Weibel, Emmenegger, Fouse, and Holder (2013) . In combining information on pilots' joint visual attention with their communication behavior, we can answer questions such as the following: How much time does a team need to develop shared situation models? That is, how much time elapses between the detection of a problem and a shared understanding of the situation? This type of analysis further allows us to study how a team achieves shared attention and to understand the extent to which highly coordinated gaze behavior requires (or does not require) verbal communication. An integrated analysis of joint visual attention and crewmembers' verbal communication would deepen our understanding of how both processes jointly facilitate team coordination and performance.
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